(I) Detection of logging roads with ClasLite and estimation of logged forest cover
Detection of logging routes Gaveau et al. (2014) published maps of deforestation and logging for the whole of Borneo, revealing for the first time the extent of forest loss and logging over the last 40 years. Before the publication of this paper, we independently carried out a survey of logging routes development and logging extent with focus on the Mawas area. There are some differences between our approach and theirs, but our results are similar. Gaveau et al. (2014) detected logging "roads" using Landsat MSS, TM, and ETM+ imagery with 30 × 30 m pixels, which was visually interpreted (data available for download at: http://gislab.cifor.cgiar.org/wm/borneo/). We used Landsat TM, ETM+ and OLI/TIRS imagery listed in Table S1 . Contrary to Gaveau et al. (2014) though, prior to conducting a visual survey for logging roads we processed the Landsat imagery using CLASLite to give subpixel-level information on fraction of ground, non-photosynthetic biomass and live vegetation (Asner, 2009) , following so the approach of Bryan et al. (2013) . We visually supervised all images and recorded all linear human-made features. While Gaveau et al. (2014) detected logging routes in the area up to the year 2000, which marked the end of concessionary logging, we continued to map a development of logging routes beyond that year. Post-2000 logging was illegal as no concessions were granted and the area was protected as a 'conservation forest' since 2003 ('hutan konservasi' and 'hutan lindung').
Our logging-road maps obtained from the satellite imagery of 1994 to 2000 identified 395 km of roads that were also recorded by Gaveau et al. (2014) , and 150 km of routes which they had missed (Fig. S1a) . They found an additional 31 km that we had failed to spot. We combine data from Gaveau et al. (2014) and our data to create the most complete map yet available of logging routes in the Mawas area up to the year 2000. Post-2000 we detected 190
km of illegal logging routes. Most of them were within areas already affected by logging up to 2000 (Fig S1b) . 
Forest cover affected by logging
CLASlite transforms Landsat imagery to a reflectance image and then applies a probabilistic spectral un-mixing model to yield sub-pixel fractional cover maps, where each pixel is characterised by fractions of photosynthetic vegetation, non-photosynthetic vegetation, and bare soil. We delineated forest cover by selecting pixels with a photosynthetic vegetation fraction > 80% and a bare soil fraction < 20%, as recommended by the developers (Asner, 2009 ).
The width of the buffer zones used to estimate the extent of forest affected by logging routes varies among studies. Gaveau et al. (2014) chose to apply a single buffer width of 700 m around logging roads across the whole of Borneo to estimate the area of logged forest.
Access is more difficult in peat swamp forests, however, and Franke et al. (2012) report that trees were usually removed up to 500 m from logging railways or routes.
To decide upon a suitable buffer around concessionary logging routes, we constructed 22 virtual 1-km transects perpendicular to logging routes and recorded the mean height of the canopy height model (CHM) from ALS in 20-m-diameter circles at 20-m intervals along that transect. We fitted a loess-smoothing curve to the relationship between mean canopy height and distance to logging routes ( Fig. S2 ) and observed that, in most cases, mean height is low close to the logging route and increases until stabilising at around 500 m, and subsequently decreases again. This decrease of mean canopy height is probably linked to the underlying peat depth gradient: concessionary logging was mostly concentrated on shallow peats so peat depth increases with distance from the logging routes; these deeper peats are associated with shorter forests. From the available evidence, we argue that 500 m is a more suitable buffer zone for this peat swamp than the universal 700-m zone used by Gaveau et al (2014) , as the larger zone includes the effects of peat depth variability as well as logging effects. Furthermore, we noted that logging routes established within the concessions were organised as grids that were mostly 1000 m apart and were presumably spaced so that all forests between railways could be accessed. Thus in our study, forest zones within 500 m of concessionary logging routes are classified as logged. Figure S2 . Mean canopy height (mean height of CHM) as measured from ALS with distance to logging roads. We interpret that the general increase in mean height between 0 to ~200m is due to decrease of effect of logging with distance to the logging route. The often-observed decrease in mean height after ~500 m (hard line) away from logging routes is probably due to natural variation in peat swamp forest height with peat depth. Gaveau et al. (2014) used a 700 m buffer around logging roads (dashed line) which we deem too broad here as it encompass logging effects as well as environmental effects on mean canopy height.
(II) Comparison of the left-truncated pareto and the finite left-truncated pareto
Canopy gap size frequency distributions have traditionally been described by the pareto distribution, but these have 'fat tails' which can lead to an overestimation of very large events (Schoenberg and Patel, 2012) . We used a finite power law consisting of a power law and an exponential term. The distribution function is given as:
where x min is the lower truncation point, the scaling parameter of the pareto term and θ the transition parameter. θ influences the rate of the exponential and influences the zone of the transition from the pareto to exponential (Schoenberg & Patel 2012) . When θ >> (x min -x), ( − ) → 0 and ( ) → 1 − ( ) which is akin to the left-truncated pareto distribution.
When x is similar or larger than the tapering parameter θ, x ~ θ, then the term ( ) changes less rapidly than ( − ) with increasing x, and ( ) → 1 − ( − ) which rapidly goes to zero.
The left-truncated pareto is given by the cumulative distribution function:
where x min is the lower truncation point, here the smallest gap size considered (9 m 2 ), and α is the scaling parameter. We differentiate it to give the probability distribution function:
On a log-log scale, this function gives a straight line:
where the first term is a constant and α+1 is the slope of the power law.
The scaling exponent of the pareto distribution that we used corresponds thus to
[α+1]. In order to make this scaling exponent comparable to the scaling exponents reported in other studies Kellner and Asner, 2009) , we need to sum 1 to the estimated parameter . We report α= +1.
(III) RSTAN code to fit a tapered pareto distribution to gap sizes and model convergence
The R code used to fit a tapered left-truncated pareto distribution to gap sizes by Bayesian inference and using the package RStan is reproduced below. We used a normally distributed prior with a mean of 1 and a standard deviation of 1 for the scaling parameter α and a normally distributed prior with a mean of 0.01 and a standard deviation of 0.5 for the inverse of the tapering point θ (the tapering point is large, hence its inverse is close to 0). We ran three chains with a burn-in phase of 2000 iterations and a sampling phase of 3000 iterations and saved each second iteration to generate the posterior distribution. 
//prior for a invt ~ normal(###,###); //prior for invt //the log-likelihood is log(a /x + t)+a*log(b/x) +(b-x)*t where b is lower truncation point, a is the shape parameter and invt is the inverse of the location of the taper
#define where to take the data from STANdata <-list(N = length(data$area), #number of observed gaps Nplot = length(unique(data$plotID)), #number of plots tgaparea = data$area, invtgaparea = 1/tgaparea, plot = as.numeric(data$plotID), #numeric plot index b = ###) #left truncation, to be set according to data fit_model <-stan(model_code = gapmodel, data = STANdata, pars = NA, chains = ###, iter = ###, warmup = ###, thin = ###, refresh = ###, diagnostic_file=paste('###'), sample_file=paste('###')) #extract fitted parameter values r <-as.data.frame(summary(fit_model, pars=c("a", "invt","lp__")))
#plot the fit of the model plot(fit_model)
##########################################################################################

Model convergence
We visually inspected the chain traces to ensure good mixing of posterior distributions and visually ensured stabilization of the log-likelihood within the burn-in phase. For each posterior sample, the potential scale reduction factor ̂ was provided in the RStan output.
This factor indicates the extent to which the confidence intervals around a parameter could be reduced if the model was run infinitely. All ̂ values were 1 (and hence smaller than the prescribed threshold of 1.1), indicating that the model had successfully converged and the three chains had mixed (Gelman and Hill, 2007) . Finally, the effective number of simulation draws reported as n eff in the RStan diagnostic output was always well above 100, indicating independence of simulation draws (Gelman and Hill, 2007) .
(IV) Predicting peat depth for plots
We used relationships between canopy top height (99 th quantile), peat depth and distance to rivers to predict peat depth for plots where this information was missing. A total of 327 peat depth measurements were available for the research area. Peat depth was measured by inserting an auger into the soft peat until hitting the harder clay subsoil (KFCP, unpublished data). We calculated canopy top height in a circular neighbourhood with a 100 m radius around each peat depth measurement. To achieve this, we extracted the value of 10,000 random pixels (1 m 2 ) of the ALS-derived canopy height model within the given neighbourhood. We used the 99 th quantile (H99) that represented the height of the 100 highest pixels, corresponding to the tallest trees. Furthermore, we measured the distance to the closest river (Kapuas river bordered by shallow peat in the west and Mantangai river bordered by deep peat in the east) from each peat depth point. Peat depth measurement points and associated top canopy height were classified as logged if they fell within 500 m of a logging route (see section (I) in supplement).
We first tested for the effect of logging on canopy top height (H99) in this independent dataset. We fitted the linear model H99 = a+b×peat depth and tested for a possible effect of logging by either adding logging as a factor (yes, no) or testing for the interaction between logging and peat depth. No significant logging effect is detected and the simple linear model gives H99 = 34.9-1.0×peat depth with R 2 =0.77. The absence of logging effect can be explained by the fact that selective logging does not remove all large trees.
Since logging does not significantly affect H99, H99 can be safely used to predict peat depth across the peat dome.
Peat depth was overall well predicted by H99 (peat depth= 28.0-0.8×H99, R 2 =0.77, 
(V) Impact of logging pressure on canopy structure
The logging pressure indices were devised to test for potential differences in the level of logging impact in different logged plots. Since no logging records were available, logging pressure was approximated by the density of logging routes as detected by satellite imagery.
We used the Line Density tool in the ArcMap 10. giving more or less importance to old and recent logging routes. The density of old logging routes always received a smaller weight than the density of newer logging routes, as we assumed that forest recovery was greater and logging impact was smaller along older routes. Table S3 . Parameter values (with SEM) of the most parsimonious models selected to describe changes of canopy height and gap metrics with peat depth (peat M ) and with logging (logg) for plots on 6-12 m deep peat. For gap metrics we give the parameters estimated for each crosssection CS (2-12 m for mean gap area and gap fraction; respectively 5-12 m for α and θ) going up into the vertical forest profile. We report the model with lowest AICc, except in cases where two models had similar fits (i.e. ΔAICc < 2), in which cases we favoured the simpler model. *: p < 0.05, **: p < 0.01, *** p < 0.001, n.s. = non-significant. Table S6 . Effect of cumulative logging pressure index (LPI) and peat depth (peat) on mean gap area at the 2 m and 3 m height cross-sections ( 
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